Optimal data fusion of radar and passive microwave measurements
in the estimation of vertical rain profiles
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Abstract:

I is casy to Whiderstand heuristically why single lrequency spacehorne radar measureiments, by
themselves, arenot suflicient to solve t he inverse problem of” retrieving an exact underlyi i Yo .
rate profile. On one ha d, we havetheunknown quantities consisting of the continuous  raill-rate
function (of” Tahpe), along with several additional continuous or discrete rain paramcters, while 04
the other hatd the data consist of a single continuous function:  the mcasured raada v reflectivity
profile. Too nany unk n owns with too few cquations.  Several schemes have 1)( °¢11 proposedto
creal ¢ additional equations out of the hrightness t emperat ures Wicasured by a passive microwave
radiometer, thus generically guarantecing that the inversion problem ¢anbe soil”(x{ if one has as
Many radiometer Ganuels as there are additional WK1 own vain paramcters. Typical schemes use
one passive measurcment to determine one additional disercte rain varial e, “1heresultsreported
typically indicate that the solutions obtained using, different radiometer chianiels do not coincide.

1)iscrepancies such as these are not unexpected: the models used in pract ice to describe the
rainand its clectromagnetic properties are hut rough approximations of the CO'aplex physics taking
place and the measurements themselves are noisy. Therelore,if one is Jook ing for anexact solution
to the inverse p roblem, then starting with the same nuimber of unknowns as one has equations, one
may well find a unique solution, butitnay ormay not heclosctothe actual values that gave risce
to the observations, depending 011 the sources of error and their specific effect. If one started with
fewer (or ore) unknowns than equations, one would generically endup with discrepancies between
the theoretically predicted values and the actual observations, withno well-dcfill((I proced ure (o
reconcile the mismatches unless one accounig for the sotirees of crror.

This 1s precisely the kind of problem which a Bayesian approach ca n help solve optimally, If
we write 11" to represent all the unknown quantitics describing the rain, and 7y for all the passive
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microwave observations, Trader Tor all the radar reflectivity obscrvations of the rain column, the

-
Bayesian approach would compute the probability density function for 12 given all the observation
- ¥ - - -

available (1, and Tiqdar ). The conditional p.d.f. for I, conditioned on 1y, and 1) qdar, salisfic
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up to a normalization constant. This cquation naturally suggests a two-step hackward-forward
procedure to compute the conditional density for it Indeed, we have developed an algorithm to
compute the two factors in the i hit-hand-side, and hence the full conditional probability density
function 7. Along with nonlincar filtering techniques, we use a numerically stable Hitschfeld-Bordan
(inversion) algorithin to compute the second term, and a (forward) Iddington approximation to
compute the first. The conditional means of 7 then give the estimates of the rain variables

and
We also compare the uncertainties
using this approach with the uncertaintics in the radar-only cstimates.

the conditional variances give the mean-squared uncertaintics
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